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Abstract—Data is everywhere and in everything we do. While,
on its own, data has little value, its analysis under the lenses of
data science currently supports extremely valuable functions and
systems. In recent years, the need to obtain knowledge from huge
amounts of data lead companies to hire many professionals able
to work creatively on data for data science position, regardless
of their academic and professional background. Our analysis
of the collected information allowed us to conclude that there
is still a need to distinguish professionals concerning their past
experiences, since they impact the way they perform data science
tasks and the technologies they use. The results of this research
are particularly useful for the scientific community and the
industry in the design of solutions that are effectively useful to
all data science workers.
Index Terms—Data Science, Data Scientists, Interviews.
I. INTRODUCTION
Every day huge amounts of data are created and manip-
ulated to glean insights and extract value [1]–[4]. This data
comes from diverse sources and is used for all kinds of
purposes in various sectors, for example, life and physical sci-
ences, medicine and healthcare, education, retail, government,
communication and media [5], [6]. According to the DOMO’s
annual report on how much data is generated on the most
popular platforms, in the year of 2019, 188.000.000 emails and
18.100.000 messages were sent every minute, representing an
increase of more 5.000.000 messages compared to 2018 [1].
In the aviation area, the development of new technologies has
led to the existence of new, more sophisticated aircraft, with
Forbes magazine reporting that, for every flight performed,
five to eight terabytes of data are generated regarding the crew,
the passengers, the condition of the engines, etc., i.e. 30 times
more data than those generated by the previous generation
aircraft [7]. In fact, this growth has had an impact in all
different sectors and led the International Data Corporation
to estimate that, by 2020, the worldwide data will increase up
to 40 zettabytes [8], [9].
The emerging of this amount of data gave origin the the
term big data. When it comes to big data, the size is not the
most important aspect to consider. When dealing with data we
have to take into consideration three important characteristics:
volume, variety, and velocity [10]–[13]. This has been widely
accepted as the “three V’s of big data”. Based on this model,
big data involves a very large volume of data that is being
created, stored, and analyzed exponentially faster than at any
period in the history of mankind. This data can be in a variety
of formats, such as structured (attributes in a database) or
unstructured data (images, video footage, audio, handwritten
notes).
By itself, data, even if in massive amounts, has little
value [14]. Indeed, it is the information that is extracted from
data that has the potential to keep changing and improving
our lives [14]. Because of this, the need for people capable of
gathering, cleaning and using data to extract knowledge has led
to the consolidation of a field called data science. Data science
can be viewed as an amalgamation of classical disciplines like
statistics, data mining, databases, and distributed systems [14],
[15]. Generally, it involves the application of quantitative and
qualitative methods to solve relevant problems and its ultimate
goal is to improve decision making [14], [16]. Because of that,
a data science worker must have a diverse range of skills, and a
great domain knowledge, in order to be able to work creatively
with their data.
In the last decade, the interest around the field of data
science has been overwhelming. With data science being called
the sexiest job of the 21st century [16], [17], many people
with all types of backgrounds have been trying to secure their
place in this field. This interest has been accompanied by
significant growth in the number of job offers, and in recent
years it has been found that the job offer in this area exceeds
demand [18]. When analyzing some of the offers for data
science positions recently published on the LinkedIn platform,
such as data scientist, data analyst, data engineering, etc.,
we see that the vast majority ideally pursue people with a
background in Engineering, Computer Science, Mathematics,
Statistics, Physics, and other related fields. The description
of the desired skills can be either very vague and with little
information about the tasks to be performed or super detailed.
Usually, these positions require: experience in the use of
data batch and streaming tools (e.g. Spark, AWS, Hadoop);
understanding and experience in the use of high-performance
machine learning algorithms and deep learning techniques;
experience with programming languages such as Python, R,
or Java; knowledge of relational and non-relational databases;
and experience in the use of statistical techniques to analyze
data and provide ongoing reports.
However, the exponential growth of data science, as well
as the rapid and urgent need for people able to manipulate
data creatively to their advantage, may have had a negative
impact in the definition of its boundaries. Given this scenario,
it is currently unclear the position of a data science worker,
the set of skills that most value their work and the tasks
for which they are more suitable [19]. For this reason, we
intend to place data science professionals in the focus of our
study to understand how their past experiences affect their
work, what difficulties they feel and which technologies they
consider most appropriate in the tasks they perform. For this,
we decided that the best way to collect information about
these professionals was through semi-structured interviews. In
these interviews, we discussed topics related to their academic
background, the jobs they have, the tasks they perform and the
difficulties they experience in their daily lives.
In what follows, we first review some similar works on
data science and data science workers (Section II); and we
present the research method (Section III). Then, we review the
information collected and point some interesting facts on how
the participants feel about their work (Section IV). Finally,
we discuss some limitations (Section V) and conclusions
(Section VI).
II. RELATED WORK
Along with the growing interest in big data and data science,
some similar works were published by authors who were
trying to understand data scientists and how they work.
Harris et al. [20] describe the results of a survey on data
scientists, their experiences and how they viewed their own
skills and careers. This survey was particularly interesting
because it was design by data scientists. They used the survey
results to identify a new, more precise vocabulary for talking
about data science work, based on how data scientists describe
themselves and their skills. The authors also showed that tools
are critical to data scientists’ effectiveness. They also managed
to distinguish several sub-groups of professionals. However,
the study does not have in consideration the academic back-
ground of the participants, nor their preferences regarding the
tools and techniques they use in their daily lives. We believe
this information is paramount to better understand the different
kinds of data scientists.
Miryung et al. [21] conducted 16 interviews with data
scientists from eight different product organizations within
Microsoft to understand their responsibilities, considering their
education and training backgrounds, their missions in software
engineering contexts, and the type of problems on which they
worked. The authors then used the information to characterize
the roles of data scientists in a large software company and
to explore various working styles of data scientists, having
identified five different styles (insight providers, modeling
specialists, platform builders, polymaths, and team leaders).
However, the results only considered interviewees working at
Microsoft which do not allow to generalize the conclusions.
We will interview workers in different companies and in
different markets.
More recently, Muller et al. [22] also conducted several
interviews with 21 data science professionals. These interviews
allowed the authors to focus on the way data science workers
work with their data. The authors found that they are involved
in various steps of the process and perform tasks like data
collection, data cleaning, data integration, and engineering
features. They also showed that, often, data is not ready for
analysis, and must be designed to meet the requirements of
an algorithm. This study involved only IBM workers which
again may limit the generalization of conclusions.
Zhang et al. [23] focused on the collaboration of data
workers during the several steps of a data science workflow. To
do so, they conducted an online survey with 183 participants
who work in various aspects of data science and learned that
data science teams are extremely collaborative and work with a
variety of stakeholders and tools during a data science project.
Similarly to [22], the results of these studies may be difficult
to generalize considering that all of the respondents worked
at IBM.
III. METHODOLOGY
To understand who are the data science workers of to-
day, as well as the difficulties experienced by them and the
technologies they use the most, we decided to conduct semi-
structured interviews, as they enable a researcher to collect the
interviewees’ perceptions, thoughts, and attitudes [24], [25].
Besides, this type of interviews are more like conversations, al-
lowing the interviewer to change the topic of the conversation
according to the interview progress [25], [26]. In this work, the
non-probabilistic sampling methods convenience and snowball
were used, meaning that responses were obtained from those
people who were available and willing to take part, and people
they believe would be willing to take part [27].
Although this project is in an initial phase, several inter-
views with people who are conducting data science-related
tasks have been possible so far. There were a total of eight
interviewees: two data analysts, one business intelligence
manager, one big data architect and four data scientists. This
group is composed of three women and five men who live and
work in Portugal, except for one case which lives and works
in the UK. The interviews were conducted in Portuguese and
lasted about 30 minutes. The interview with participant P3
was not considered in our analyzes since the participant did
not leave space for us to ask the questions initially prepared.
Table I summarizes the information about the interviewees.
During the interviews, we used a script that addressed
several aspects related to: (1) the academic and professional
experience of the participants; (2) the type of data they work
with and the way they acquire it; (3) the data cleaning and
pre-processing; (4) the application of mining techniques to
extract knowledge from the available data; (5) and the tools
and programming languages they use the most.
The scheduling process for these interviews was carried out
by e-mail, and initially, all participants were informed of the
goals of the conversation. Besides, a consent form was sent to
each participant to authorize the recording of the interviews.
All interviews were conducted by videoconference.
IV. RESULTS
A. Academic and professional background
As expected, the participants have quite different academic
backgrounds, with the most striking cases being the case of
TABLE I
INTERVIEWEES INFORMATION.
ID Sex Age Job Title Education Level Domain
P1 F 30 Data Analyst Master, Marketing Music
Manag.



















P5 M 42 Data
Scientist
PhD, Data Mining Virtual
Call
Center
P6 F 26 Data Analyst Master, Mathematics
and Computation
Web Dev.












participant P1, who graduated in Hotel Management, and
the case of participant P2, who graduated in Economics.
However, these two participants ended up beginning their
careers in data science-related areas and, after a few years
of experience, in order to evolve professionally, they felt the
need to obtain skills that were more suitable to this area.
Therefore, participant P1 is currently taking a second master’s
degree in Business Intelligence and Knowledge Management,
and participant P2 began a master’s degree in Data Analysis
and Decision Support Systems, two years after having worked
in auditing information systems, as himself stated1:
“I had been working in auditing information systems
for two years, and at that time I decided that data
was ‘the thing’ and I went to get a master’s degree in
Data Analysis and Decision Support Systems.” – P2
Regarding the tasks that these professionals perform in their
day-to-day lives, we realize that, in this group of people, only
those who have training in computer science or engineering
do tasks related to the creation of machine learning and
deep learning models, as is the case of participants P4 and
P5. The remaining participants dedicate themselves to more
direct analysis, based on statistical parameters such as average,
standard deviation, distributions, etc., which ends up fitting
more into the profile of a mathematician or statistician. A
similar idea was slightly mentioned in [20], [21], with the
authors saying that data scientists from fields such as business
and social sciences have strong numerical reasoning skills and
are particularly good in using advanced statistical techniques
in their analysis.
1The quotes represent our best translation of the Portuguese statements.
B. Data sources and data types
Regarding the data sources used by this group of profes-
sionals, and similarly to what is mentioned in [22], there is a
great variety. In addition to the data generated internally by the
various teams of the organizations where they work, the use of
public data sources is also frequent. Also, the manipulated data
is quite different, ranging from customer data, to operational
data.
One aspect that several participants mentioned was the lack
of metrics that would enable the quality of the data to be
assessed beforehand. Participant P2 was the only participant
who reported using any form of data quality metrics. In
this case, the participant points that the existence of specific
metrics is possible because there is a great knowledge about
the data, and that if some drastic changes happens, they end
up being easily detected.
C. Data cleaning process
In terms of the data pre-processing in order to increase data
quality and improve the analysis of results, the majority of
the participants agree that this remains one of the most time-
consuming and laborious tasks, which goes along with the
findings in [21], [22].
“In terms of time, I would say that I spend 80% of the
time cleaning data and only 20% analyzing it.” – P1
The only exceptions were participant P5 and participant P7,
since in such cases the participants work with audio files,
and the pre-processing only involves converting all files to
the same format.
“The pre-processing of our data is not difficult. The
only thing we do is to convert all files to the same
format.” – P5
In the remaining cases, participants claim that most of the
anomalies that affect the quality of the data concern inputs
that have been wrongly introduced by humans. Among the
most common errors are duplicated records, missing values,
inconsistencies in values (e.g. date formats) and outliers.
D. Data mining process
In terms of the techniques most used, participants use a
wide variety according to the solutions that are intended to
be built, ranging from machine learning techniques, such as
clustering, prediction, and classification, to more complex deep
learning models. These techniques are usually applied with
two main and distinct goals: client segmentation and service
customization; cost reduction and optimization of internal
processes. In [21], were made some similar observations.
“We have projects with a strong emphasis on the
customer and the user experience, but the main focus
is on internal projects that aim to enhance the quality
of our processes and minimize costs.” – P4
As far as data analysis concerns, all participants report that
they do not follow any work methodology. Instead, everyone
agrees that the best way to work with data is to adapt to
the situations at hand. Even so, all participants agree that
the analysis of the data, be it statistical or through machine
learning models, does not dispense a great knowledge of the
data itself and the business in which the problem is inserted.
E. Tools and programming languages
Concerning programming languages, we find that in this
group of participants there is a great tendency in the use
of programming languages such as R and Python, as well
as all of the state-of-the-art packages that the two languages
provide both for data visualization and the data analysis. The
choice of which language to use is made according to personal
preferences and the type of tasks to be performed. In the
case of participants P5 and P7, this choice was made as a
team so that all elements of the same project used the same
technologies.
Regarding the use of data analysis tools, most participants
stated that they do not usually use them in their day-to-day
lives since these tools end up limiting their analysis, which
does not happen when they produce all the code they need in
the data analysis. Even so, participant P1 and the participant
P2 reported that a large part of their analysis is done using
only MS Excell since this software allows for very fast results.
F. General difficulties
When we asked the participants what were the biggest
difficulties they felt regarding their work, several situations
were mentioned. For participant P1, she says that most of
the difficulties she feels are related to the fact that she has
no training in the field of data science, and that was the
reason that led her to pursue a master’s degree focused on
data analysis. For participant P4, the biggest difficulty is the
access to information with quality and relevant to the problems
in which he works,a difficulty that is shared with some of the
participants in the study referred to in [22].
“I believe that access to quality information and
information relevant to our problems is the greatest
challenge.” – P4
For the participant P6, the most challenging part of her
job is that she is the only person on her team to perform
these types of tasks. She also notes that she often finds it very
difficult to convert business problems into data science issues.
In fact, in [21] the lack of clear problems and questions is also
mentioned, as the authors argue that the academic background
of a data scientist may have a significant impact on the way
they identify important questions.
“In my case, being alone is a big limitation, . . . and
initially, it is very difficult to have the required
business expertise to understand what are its needs.”
– P6
Participant P8, on the other hand, says that his greatest
challenge, after several years of experience, is the development
of stable and scalable code, since he has no training in software
engineering.
“On a personal level, I think my biggest challenge is
to write a stable and scalable code because my
training is not very oriented for software
engineering.” – P8
In these conversations, some of the participants mentioned
that there are also difficulties associated with professionals
being hired for data science positions that, in reality, should
be occupied by other type of professionals. This can be one
of the causes that leads to a considerable overlapping amongst
several data science roles as stated in [23].
“Companies look at the market and, because there is
a demand for data scientists, they also want to hire
one. However, looking at the job’s requirements, their
needs would be easily mitigated by other types of
professionals.” – P7
Participant P2 pointed out that, in his opinion, it is important
to clarify which are the different areas of data science, so that
the professionals who wish to work in this field can position
themselves correctly in this environment and understand what
are the opportunities that meet their aspirations.
“In my opinion, there are two main areas:
technological and application data science. The data
scientist of the future must know how to put himself in
the right area of data science to avoid regretting what
(s)he is doing.” – P2
In general, all participants agree that it is a great advantage
to have people with different backgrounds in data science
teams because, although some are better suited to certain tasks
than others, they all bring different perspectives on the data.
V. LIMITATIONS
As already mentioned, this is an early-stage project. In this
sense, the number of interviews carried out is not yet enough
to allow us to draw major conclusions about professionals
in this field. Another aspect to be taken into account is that
the interviews, although carried out with professionals from
several different Portuguese companies, end up reflecting a
part of the reality of what is like to be a data science worker
in Portugal, which means that the worldwide panorama may
be different.
VI. CONCLUSIONS
With this study, we intended to investigate whether the rapid
evolution of data science, as well as the growing demand for
people capable of taking advantage of information hidden in
large amounts of data, has had an impact on professionals in
this field.
Assuming that there is a heterogeneity of data science
professionals, as a result of their distinct academic back-
grounds and professional experiences, we decided to conduct
several interviews with people who currently work in positions
dedicated to the analysis of large amounts of data. With
these interviews we tried to explore several aspects related to
their academic background, the jobs they have, the tasks they
perform and the difficulties they experience in their daily lives.
Although the analysis of these conversations has allowed us
to reach a few initial conclusions about these professionals,
we consider that the reduced number of interviews carried
out does not allow us to generalize the conclusions. For this
reason, we intend to continue conducting interviews with data
science professionals and collecting their feedback. Besides,
these interviews should support a large-scale study through
the distribution of a public questionnaire with the same goals
as the interviews conducted so far. This questionnaire should
allow us to reach a much higher number of data science pro-
fessionals and, more importantly, to collect information from
people in very different professional and cultural contexts.
The main motivation for this research is the need to under-
stand what are the difficulties that affect these professionals’
work and what should be the focus of both the scientific
community and the industry in the design of solutions that
are effectively useful to them.
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